Positron emission tomography (PET) has, since its inception, established itself as the imaging modality of choice for the in vivo quantitative assessment of molecular targets in a wide range of biochemical processes underlying tumour physiology. PET image quantification enables to ascertain a direct link between the time-varying activity concentration in organs/tissues and the fundamental parameters portraying the biological processes at the cellular level being assessed. However, the quantitative potential of PET may be affected by a number of factors related to physical effects, hardware and software system specifications, tracer kinetics, motion, scan protocol design and limitations in current image-derived PET metrics. Given the relatively large number of PET metrics reported in the literature, the selection of the best metric for fulfilling a specific task in a particular application is still a matter of debate. Quantitative PET has advanced elegantly during the last two decades and is now reaching the maturity required for clinical exploitation, particularly in oncology where it has the capability to open many avenues for clinical diagnosis, assessment of response to treatment and therapy planning. Therefore, the preservation and further enhancement of the quantitative features of PET imaging is crucial to ensure that the full clinical value of PET imaging modality is utilized in clinical oncology. Recent advancements in PET technology and methodology have paved the way for faster PET acquisitions of enhanced sensitivity to support the clinical translation of highly quantitative four-dimensional (4D) parametric imaging methods in clinical oncology. In this report, we provide an overview of recent advances and future trends in quantitative PET imaging in the context of clinical oncology. The pros/cons of the various image-derived PET metrics will be discussed and the promise of novel methodologies will be highlighted. Cite this article as: Zaidi H, Karakatsanis N. Towards enhanced PET quantification in clinical oncology. Br J Radiol 2018; 91: 20170508. 2 of 22 birpublications.org/bjr Br J Radiol;91:20170508 BJR Zaidi and Karakatsanis 3 of 22 birpublications.org/bjr Br J Radiol;91:20170508 BJR Nuclear Medicine: Physics special feature Review Article: Quantitative PET in clinical oncology
iNtroductioN Image-guided diagnosis and treatment response monitoring in clinical oncology has benefited significantly over the last decades from the advent of quantitative molecular imaging techniques. Among those, positron emission tomography (PET) gradually emerged as the standard-of-care molecular imaging modality in clinical oncology owing to its relatively high sensitivity and specificity for a wide spectrum of oncological malignancies across the whole human body. 1 PET imaging relies on the positron/electron annihilation process to quantify the in vivo three-dimensional (3D) spatial distribution of a positron-emitting radiotracer associated with a specific molecular process. The resulting 3D PET images may elucidate the biochemical and functional state of specific biological mechanisms targeted by the employed radiotracer, as expressed in normal and cancer tissues, thus facilitating clinical diagnosis and staging evaluations as well as the monitoring of tumour metabolic response to therapeutic schemes over time.
The high sensitivity of PET is crucial for certain molecular imaging tasks involving very small, that is, trace amounts of the administered radiopharmaceutical, close to the minimum detectable activity concentration of a system. 2, 3 In addition, it may allow for adequate temporal sampling by dynamic PET of the rapid physiological changes in tracer concentration, the latter induced by the specific pharmacokinetic attributes of the tracer in normal and tumour tissues. 4, 5 As PET images do not provide anatomical information, they are usually combined with co-registered anatomical data from other modalities, such as CT and MRI. 1, 6 Furthermore, another powerful PET feature for clinical oncology is a high specificity, thanks to its capability of imaging specific molecular disease mechanisms, including, but not limited to, a broad range of oncological malignancies, each targeted by a specific positron-emitting tracer. 7 Moreover, multiple PET tracers could be administered to the same patient population to evaluate any potential associations between different pathological mechanisms, such a s the processes of inflammation, proliferation, hypoxia and calcification, underlying the same or related types of malignancy. 8, 9 Furthermore, different PET tracers targeting complementary mechanisms of the same disease could be administered in the same scan session to allow for their co-registered evaluation before and during treatment. 10 Nonetheless, the combination of high specificity and sensitivity may be only one of the factors for the widespread adoption of PET in clinical oncology. The other important feature is PET's unique highly quantitative signal, thanks to its inherent capability of measuring individual counts that can be related to the actual quantity of the underlying source distribution. 11, 12 The quantitative character of PET permits a clinically acceptable level of accuracy and reproducibility for a range of image-derived numerical metrics, such as the standardized uptake value (SUV) or the tracer macro-and micro-kinetic attributes, provided a sufficient amount of PET data is acquired and adequately corrected. 13, 14 Thus, PET imaging may enable the utilization of powerful numerical criteria to enhance reliability in diagnosis, prognosis and treatment response monitoring and facilitate theranostic PET-guided therapy protocols in clinical oncology. 11, 15 However, a wide range of factors related to 16 the tracer interaction with the various physiological and pathological states of the different tissues, the physics principles regulating the production, emission and detection of the PET signal and finally the hardware and software features of modern PET scanners, may drastically affect the deterministic relationship between the actual tracer distribution and the estimated PET images. As such, PET quantification may be ultimately impacted if any of these effects is overlooked. 12, [17] [18] [19] [20] [21] In this review, we highlight from a clinical perspective more recent efforts developed for the optimization of PET imaging protocols by focusing on novel methodologies aiming at improving PET quantification in the clinic. In particular, we discuss the impact of a classified set of acquisition and imaging factors on the quantitative value of PET and its relevance in clinical oncology. Furthermore, the latest methodological and technological developments designed to facilitate the adoption of dynamic 4D PET in the clinic for superior quantitative tumour analysis are briefly outlined. In addition, we describe a range of commonly used quantitative PET image metrics as well as their capabilities and limitations in quantitatively characterizing certain clinically relevant PET image features. A particular emphasis will be placed on the recent introduction of advanced four-dimensional (4D) whole-body (WB) PET imaging protocols, 22 thanks to the advent of highly sensitive time-of-flight (TOF) clinical PET systems 23 with improved resolution response modelling features within the image reconstruction process. 24 Finally, motivated by the current PET technology trends, we discuss the importance of combining conventional PET SUV analysis with dynamic WB PET acquisitions in order to translate the quantitative virtues of direct 4D PET image reconstruction and support truly multiparametric molecular imaging assessments in clinical oncology.
Overview of physical and imaging factors impacting quantitative PET The accuracy of PET measurements can be affected by (i) a range of physical effects related to the interaction of the emitted annihilation photons with matter and the detectors, as well as (ii) the PET system acquisition hardware and image reconstruction software performance. 25 Nonetheless, quantification may be more challenging in clinical practice where the scan time and the administered tracer dosage are strictly limited by radiation safety and patient throughput constraints, thereby denoting the importance of clinical PET scan protocol optimization.
A standard source of quantification errors in clinical PET studies is the overall attenuation of the emitted photons before detection. 26 The attenuation effects are caused by the physical interaction processes of photoelectric absorption and/ or scattering away from the detectors of at least one of the two annihilation photons as they interact with matter intercepting their trajectory. As a result, a fractional loss of PET coincidence events occurs, which can be quantified with the energyand tissue-dependent attenuation coefficient (AC) metric. The overall degree of attenuation of the emitted PET signal is expected to be more apparent in tissues of large volume and/ or high AC values, resulting in significant, non-uniform loss of true PET counts and thus to artifacts and elevated statistical noise levels in the final PET images. 27 Nevertheless, attenuation effects can be compensated by accounting within PET reconstruction for the 3D AC map, which can be directly measured from PET or CT transmission scans on hybrid PET/CT scanners. 28 In the absence of a transmission scan, as in the case of PET/MR systems, AC maps can be estimated indirectly from multi tissue-class or atlas-based segmentation of specific MR sequences. 29, 30 Furthermore, when TOF PET acquisitions of sufficient timing resolution are supported, AC maps may be directly reconstructed together with the respective emission maps from TOF PET data alone, 31 by employing simultaneous TOF reconstruction of emission and attenuation images. However, these methods estimate AC factors up to a constant offset, 31 thereby being susceptible to scaling issues or cross-talk between activity and attenuation images. In such case, regularized reconstruction algorithms may address these limitations by utilizing anatomical prior information from transmission or MR modalities. 32 In addition, when motion is present in the field-of-view (FOV), significant errors may be triggered during PET image reconstruction due to the potential misalignment between the PET emission and attenuation data when the latter are estimated in breath-hold mode. The acquisition of free-breathing attenuation data could provide a rough first-hand solution in limiting the respiratory-induced attenuation-emission mismatches. 33, 34 Nevertheless, a more complete solution would be the motion correction of the attenuation and emission data.
Another class of errors in PET is triggered from the erroneous binning of coincidences to incorrect pairs of detectors or equivalently to lines of response (LORs) not intercepting the true annihilation position. The positioning of events to erroneous LORs may be triggered due to a variety of PET resolution degradation factors, such as random or scatter events, positron range, annihilation photons acollinearity, inter-crystal penetration or motion ( Figure 1 ). Random or accidental coincidences may occur when two photons from different but nearly simultaneous annihilations are detected accidentally as a single coincidence event. Their likelihood increases proportionally to the square of the tracer activity in the FOV. Scatter coincidences occur when the straight trajectory of at least one of the two annihilation photons is deflected while travelling through the imaging subject body (body scatter) or a detector element in its path (inter-crystal scatter). As a result, photons lose part of their kinetic energy and are deflected such that they either i) escape detection, thus leading to the loss of the coincidence event (attenuation), or ii) stop at a detector not located along their original LOR line path, thereby triggering a scatter coincidence assigned to an erroneous LOR position. 35 Moreover, scattering of photons emitted from annihilation points outside the FOV may also generate scatter counts. 36 Scatter events are associated with significantly smaller amounts of energy deposited to the crystal point of interaction. Thus, scatter effects can be limited by simply rejecting coincidence events with deposited energies outside the expected energy window for true coincidences, given the energy resolution of the PET system. However, model-based scatter correction using patient-specific attenuation maps and mathematical scatter models proved to be a more accurate approach compared to conventional energy-based techniques and is the de facto standard scatter correction method implemented by current scanner manufacturers. 35 Positron range refers to the distance travelled by an emitted positron before losing all its kinetic energy and being annihilated with an electron. As a result, the annihilation points are forming a uniform distribution around the actual emission point, thereby causing image blurring for positron ranges larger than the system's intrinsic spatial resolution. 37 Nonetheless, in the case of integrated PET/MR, the presence of a strong magnetic field may limit positron range along certain directions due to magnetic forces exercised on positron's trajectory. 38 Moreover, annihilation photon acollinearity effect describes the cases where the two annihilation photons are emitted apart at an angle with respect to one another other than 180 degrees. As a result, the two photons may be detected at two opposing detectors whose LOR does not intercept the true annihilation position. Thus, for a given emission angle other than 180 degrees, the acollinearity effect is expected to trigger a resolution loss or blurring proportional to the average distance the photons travel before hitting a detector, the latter being directly proportional to the scanner detector ring diameter. 39 Inter-crystal penetration involves the undetected crossing of a photon through the first crystal detector intercepting its path, before its final detection in another proximal detector. This effect mainly occurs for photons scattered within the first crystal or photons hitting the front surface of the first crystal at a relatively large angle of incidence, such that its trajectory path length within that crystal is not sufficiently long for its complete stop before penetrating to the next crystal intercepting the photon path. In both cases, the photon is eventually detected in a different detector from the one it first intercepted, thereby resulting in an erroneous LOR assignment, . 40 In the first case, the error is related to the inter-crystal scatter effect previously outlined. In the second case, the error is associated with the angle of incidence and may be compensated by accounting for the actual depth at which the photon was absorbed within the crystal. Th is metric, also known as depth-of-interaction (DOI), is defined by the distance of the point of absorption from the crystal front surface and can be approximated by employing multiple layers of different detectors parallel to the front surface . 41 The DOI effect is more apparent for large incident angles as expected either for smaller detector ring diameters, for photons originating from the edges of the transaxial FOV or for photons travelling along very oblique LORs.
Partial volume effect (PVE) is another important source of PET quantification bias that has been recognized as an important image resolution and quantification degradation factor, especially for small lesions. Owing to the limited spatial resolution of clinical PET systems, the PET signal at high activity regions is expected to spill over any neighbouring low activity regions. As a result, small hot lesions may appear blurred and larger in volume but with an underestimated average activity concentration. Equivalently, the tracer activity in cold lesions may be overestimated due to spill-in of signal from the surrounding higher activity regions. Consequently, the detectability of both hot and cold lesions may be affected. A number of strategies have been devised to address the PVE problem in the context of molecular PET imaging by operating either on the reconstructed images or within the reconstruction process with many of them relying on adjunct coregistered anatomical images (CT or MRI). 42, 43 Finally, motion during PET acquisition may cause LORs translation and attenuation-emission mismatches, thereby resulting in non-negligible resolution degradation and quantification bias. 44 The effects of motion can be estimated and later modelled in the system resolution response matrix for correction during reconstruction either in the list-mode data space by translating each event's LOR to the correct position or, in the image space by applying a 3D motion transformation. 45 However, event-byevent PET motion correction is considered the gold standard approach, as it inherently accounts for the difference in PET system sensitivity and normalization correction factors between the original and translated LORs of each detected event, particularly when one of the two LOR positions involves a detector gap or a point outside the FOV. 46 Nowadays, virtually all state-of-the-art clinical PET systems are equipped with TOF acquisition technology, which can approximate the position of each detected event along a small LOR segment, known as TOF bin, based on the difference between the two annihilation photons detection time, thanks to the superior timing resolution of modern detectors. TOF PET reconstruction methods have currently demonstrated significantly increased robustness to data inconsistencies, such as attenuation-emission mismatches or AC inaccuracies, owing to their inherent feature of limiting the associated errors propagation within the small LORs segments from which they originate, rather than the entire LORs. 47, 48 Moreover, image-based iterative deconvolution or deblurring methods have been recently applied, after or within the PET reconstruction process, as a practical and clinically adoptable approach to effectively recover losses in PET image quantification and contrast due to various resolution degradation factors, such as point spread function (PSF) and motion effects. 49, 50 These methods commonly employ image blurring kernel functions estimated from a series of experimental measurements, simulations or analytical calculations to model a particular resolution degradation effect.
A first example of deconvolution methods within PET image reconstruction is PSF reconstruction algorithms, also known as BJR Nuclear Medicine: Physics special feature Review Article: Quantitative PET in clinical oncology resolution or partial volume recovery reconstruction methods. 24 In particular, image PSF kernel functions can be constructed from measured, simulated or calculated PSF PET data to model the space variant overall blurring effect due to a series of spatial resolution degradation factors, such as positron range, scattering in the detectors, inter-crystal penetration and photons acollinearity. The measured PSF resolution kernel may be modelled within the PET image reconstruction framework by nesting a Richardson-Lucy iterative image PSF deconvolution process within each global tomographic image update step to effectively accelerate the overall convergence of the algorithm. 49, 50 Moreover, recent studies explored PSF kernels of slightly different sizes than those actually measured, as a way to perform task-based tumour quantification and reduce ring or edge Gibbs artefacts, commonly observed in deblurred images after a large number of deconvolution iterations. 24 Similarly, the total motion tracked within a PET acquisition frame can be efficiently modelled as a kernel blurring image function, which can later be deconvolved via an analogous nested iterative deconvolution method. Unlike standard 4D motion-compensated image reconstruction algorithms requiring multiple gates of PET data and periodic motions, 51 the motion deconvolution process may be conveniently nested within a simpler 3D reconstruction algorithm of standard ungated PET data to enhance clinical adoption.
why do we Need QuANtitAtive iMAGiNG iN cliNicAl oNcoloGy?
PET has historically been interpreted qualitatively by qualified physicians trained to pinpoint metabolic abnormalities and distinguish them from a normal biodistribution and from typical pitfalls associated with this imaging modality. Qualitative visual interpretation is still the de facto standard technique used in most clinical facilities worldwide. However, this approach suffers from inter-and intra-observer variability owing to its subjective nature. 17 In the meantime, clinical PET guidelines have recommended the usage of semi-quantitative metrics requiring various assumptions. Although simple and practical for use in the clinic, semi-quantitative metrics are subject to a number of approximations implicit in the use of uptake ratios that may also lead to variability and bias. 52 As such, their use for robust disease monitoring and assessment of treatment response as well as in clinical trials requires standardization of PET quantification techniques to enable pooling data across different facilities or scanners using different data acquisition and reconstruction protocols. 53, 54 The Quantitative Imaging Biomarkers Alliance® (QIBA®) initiated by the Radiological Society of North America (RSNA) defined quantitative medical imaging as "the extraction of quantifiable features from medical images for the assessment of disease, injury, or chronic condition relative to normal" ( rsna. org/ QIBA). Therefore, quantitative imaging covers the whole chain encompassing the development, standardization and optimization of multimodality (anatomical, functional and molecular) image acquisition protocols, image analysis and visualization techniques, as well as structured reporting of results and findings. The wide clinical adoption of hybrid PET/CT utilizing TOF and PSF reconstruction technology along with the enthusiastic deployment of novel simultaneous PET/MRI in a significant number of academic institutions were among the technical advances that further motivated the interest in quantitative PET in clinical oncology.
However, quantitative PET imaging is still hampered by a number of physical, technical and physiological factors widely discussed in the scientific literature. 16 All scanner manufacturers devised appropriate techniques and end-user software to compensate for common physical degrading factors, such as attenuation of annihilation photons and Compton scattering. However, more intricate issues, such as motion and partial-volume-averaging are not yet addressed on commercial systems. Therefore, there is an urgent need for incorporation of motion and PVE correction features in commercial packages to enable full integration of quantitative molecular imaging in the clinic. In addition, the large variability of study performance across institutions and the lack of consensus on the metric that should be used in clinical oncology delayed the integration of PET as a quantitative imaging biomarker into phase I-III clinical trials. 15 Indeed, it is intriguing to review in perspective the considerably large number of metrics reported in the scientific literature, which makes life of novice end users difficult ( Figure 2 ). It is anticipated that the deployment of advanced quantitative PET imaging techniques in the clinic will expand as novel specific tracers are embraced in diverse clinical applications. 19 Static whole-body PET imaging Static WB PET imaging involves the temporal integration of all acquired coincidence events (counts) within a particular scan time period in a single time frame of data at each bed position. Initially, the time-ordered list of detected counts acquired within a time frame are histogrammed to their respective LOR positions or bins to ultimately form a 3D sinogram for that time frame. Later, the produced sinogram is reconstructed to estimate the 3D spatial distribution of the estimated PET tracer activity concentration over the frame. Alternatively, the activity concentration can be directly estimated from the temporal stream of PET coincident events on an event-by-event basis via a list-mode reconstruction algorithm. In both list-mode and sinogram-based 3D reconstruction methods, a single static PET image is created at each bed position and time frame, depicting the 3D spatial distribution of the tracer activity concentration, in units of Bq ml -1 , over the respective time frame.
To improve standardization of the static PET images and enable their quantitative comparison, the activity concentration values at each voxel are first corrected for decay and then normalized with the ratio of the body mass over the administered amount of radiotracer dosage. The resulting SUV metric has been currently established in nuclear medicine . 13 Depending on the volumetric properties and location of each targeted region of interest (ROI) of a study, the mean, maximum or peak SUV value may be calculated. In addition, the target-to-background ratio (TBR) and the contrast-to-noise ratio (CNR) scores may also be evaluated between target and background ROIs drawn on static PET images. Nonetheless, the tracer spatial distribution in living tissues changes dynamically with post-injection time, as regulated by its in vivo physiological uptake properties. As a result, PET images estimated from 3D static reconstruction methods may only represent the average 3D distribution of the tracer over a single time frame. Thus, the larger the time frame or the faster the tracer kinetics at that frame is, the less representative the static PET image is expected to be of the tracer distribution at any given moment of the acquisition. Thus, the time frame position, relative to injection time, should be chosen such that the activity concentration in most regions of interest remains relatively stable throughout the selected frame, to avoid significant temporal variance of the counts before their integration for improved quantitative accuracy. In addition, the bed frames post-injection time position should be selected, such that sufficient activity uptake and contrast is achieved in the target relative to the respective background ROIs, with enough temporal stability to ensure satisfactory noise-equivalent count statistics and minimum temporal count variance. Therefore, the following three parameters should be considered when optimizing static PET imaging protocols for each new tracer and scanner system combination: the radiotracer decay rate, the nominal sensitivity of the employed PET scanner and the tracer kinetics. For the latter, dynamic PET imaging can be very useful, as it can estimate the frame post-injection time position for which the PET signal TBR in the target ROIs is maximized or becomes relatively stable for the employed tracer.
In the case of multibed static PET imaging protocols, the scan time window optimization can be conducted for every bed position. 55 In most clinical PET protocols, the scan duration is set constant across all bed positions such that the varying quantitative accuracy and precision is always maintained above clinically acceptable levels while the protocol retains its simplicity for clinical adoption. Nonetheless, in order to ensure sufficient quantification across all bed positions, the distribution of the total attenuation and emission signal should be accounted for each bed position. Then, a certain subset of beds may be favoured over others in terms of scan time, particularly if the expected ROI signal contrast is too low for these bed positions due to tracer low uptake kinetics in the ROIs or highly attenuating proximal tissue. 55 Moreover, multibed or WB PET acquisitions have initially been conducted in the clinic across successive stationary bed axial positions after step-wise translation of the scanner table from one position to the next. This WB PET scan mode, known as step-and-shoot (SS) acquisition, has been currently established in all multibed or WB PET clinical protocols, thanks to the convenience of binning the counts to stationary LOR bin positions. Meanwhile, fully 3D PET acquisitions were introduced in the clinic for enhanced sensitivity and count rates. 56 Unlike two-dimensional scans, the sensitivity gain in 3D PET acquisitions is significantly higher in the central section of the PET axial FOV due to the enhanced coverage of this FOV section by the additional oblique LORs involved in fully 3D PET scans. As a result, 3D PET scans at each bed position are characterized by a significantly imbalanced axial sensitivity profile where considerably higher statistical noise levels can be observed over the two axial edges of each bed position compared to its centre.
Multibed PET SS protocols require a significant overlap between successive bed positions effectively doubling the scan time in the overlapped bed edges to compensate for their lower sensitivity. 56 As a result, the stationary bed acquisitions involved in SS mode force the independent reconstruction of the relatively fewer counts at each bed edge followed by their summation/overlapping in the image space. As the overlapping is conducted at the image level, rather than the projection data space, relatively high statistical noise levels are expected in the overlap regions compared to the rest of the PET FOV. Naturally, the noise amplification in the overlapped sections with respect to the axial centre of the PET images becomes more significant for multibed imaging protocols, especially when involving short individual bed scan times, as then very low counts are expected per bed position for a given scanner sensitivity. Consequently, quantification of tumours or other lesions located in the overlapped regions may be considerably degraded in multibed SS PET. In addition, modern clinical PET scanners currently overlap more than half of their axial FOV in total, thereby leaving only a small central axial FOV fraction outside the overlap regions. Consequently, there exists a significant probability for quantitative errors due to non-uniform axial sensitivity in multibed PET SS imaging.
Nevertheless, an alternative multibed scan mode involving a smooth continuous bed motion (CBM) during PET acquisition may address the previous limitation of multibed PET scans. 57 In the case of constant bed speeds, each transaxial slice of the subject body will be scanned in all axial positions of the scanner FOV for the same amount of time as the bed moves. Thus, unlike SS mode, the axial sensitivity profile in CBM mode is expected to be uniform across all transaxial slices of a scanned body, except at the start and end position of the moving bed. In Figure 3 , we present the expected axial sensitivity profiles of SS and CBM PET acquisition modes along an axial FOV corresponding to a total BJR Nuclear Medicine: Physics special feature Review Article: Quantitative PET in clinical oncology of three conventional bed positions. Furthermore, CBM also retains the ability to apply customized bed speed axial profiles to compensate for any significant total counts variance expected along the axial direction, based on the variable degree of attenuation and the local intensity of the tracer activity concentration. Thus, CBM PET imaging protocols can be further optimized to attain uniform statistical noise distributions across the entire axial FOV for enhanced quantification of potential metastatic tumour lesions in clinical oncology PET studies.
However, in CBM mode, each transaxial slice of the scanned body is sampled for a unique scan time window, whose position is shifted compared to that of successive slices. Thus, a different average time stamp should be assigned to the CBM data of each transaxial slice, as opposed to each bed for SS data, thereby introducing different decay correction factors and temporal tagging per slice for the valid dynamic and parametric analysis of WB 4D PET CBM data. 58 Moreover, the CBM mode allows for binning and subsequent reconstruction of the PET data from any continuous set of slices of the total axial FOV, without being limited to fixed bed positions as in the case of SS mode. 57 Essentially, CBM technology permits the setting of the total axial FOV in terms of number of slices, rather than in terms of number of beds, thereby allowing the utilization of the minimum necessary axial FOV needed for a particular PET study to minimize total PET scan time, especially in WB dynamic PET acquisitions involving multiple WB passes, or to minimize CT dose in PET/CT studies. As an analogy to SS multibed scans, CBM acquisitions extending axially beyond a single bed FOV could be referred to as multislice scans. The multislice PET data are later grouped into groups or "chunks" of slices, each consisting of the same number of slices as the beds in SSmode. The term "chunk" is used to differentiate these slice groups of CBM mode from the "beds" or "bed positions" of SS mode, as the former are not associated with a fixed axial position. Then, all LOR counts belonging to the 3D space defined by the respective chunks are histogrammed to build the respective chunk sinograms, that are subsequently reconstructed using the same system matrix as for the conventional SS PET sinogram reconstruction. The chunks are overlapped to the same axial extent as the successive beds of SS acquisitions to ensure all acquired CBM data at the chunk edges are sorted into the respective chunk sinograms. Thus, a uniform axial sensitivity profile is retained along all chunks, except of one of the edges of the first and last chunk. The PET reconstructions from multiple axial slice chunks of CBM data could be referred to as multichunk CBM PET reconstructions.
liMitAtioNs of stAtic iMAGiNG ANd chAlleNGes of dyNAMic iMAGiNG
Static PET imaging involves by definition a single time point acquisition over a particular scan time window. However, the measured activity concentration signal follows a dynamic trend in the various organs and tissues, as dictated by the tracer pharmacokinetic properties under normal and pathological conditions. 4,5 Consequently, static PET imaging may only provide a "snapshot" of the administered tracer distribution averaged over a particular static frame, thus considerably limiting the amount of unique in-vivo molecular information needed for more accurate diagnostic, prognostic and treatment response assessments.
Despite correcting for decay and normalizing activity concentration with respect to the administered tracer dosage and subject (lean) body mass, the well-established SUV clinical metric may still depend to a great extent on the post-injection time, and the time course of the PET activity concentration in the blood plasma(input function). The effect of these factors on SUV may pose considerable quantitative limitations for the objective comparison of PET images across different scans, such as in the case of treatment response monitoring. 59 Consequently, in view of these limitations, SUV can be considered a semi-quantitative surrogate index of tumour metabolism.
On the other hand, dynamic PET involves the spatiotemporal acquisition of PET data in tissues of interest as well as in the blood plasma. The acquired 4D PET data may subsequently be utilized by graphical analysis or compartmental kinetic modelling methods to enable imaging of highly quantitative physiologic parameters of the tracer dynamic activity distribution, beyond the SUV metric. The dynamic acquisition may either be limited to a single bed for continuous temporal sampling of the tracer activity concentration after injection or, extended over multiple beds by introducing fast multiple WB scan passes , as recently became feasible with the advent of higher sensitivity PET scanners and the introduction of clinically adoptable dynamic WB PET clinical protocols. 22, 60, 61 Moreover, the respective blood plasma input function can be derived either from (i) arterial blood samples, (ii) dynamic PET image ROIs drawn on heart ventricles, the aorta or other mediastinal blood pool regions, or (iii) population-based input function models. 62, 63 Subsequently, the complete 4D PET data of each bed and the derived input function can be fitted to an appropriate graphical analysis or compartmental model, provided the associated model assumptions regarding the tracer kinetic attributes in the targeted regions are satisfied, to estimate a specific set of physiologic tracer kinetic parameters. When the fitting is performed at the voxel level, a set of highly quantitative parametric PET images can be estimated.
The three major classes of dynamic PET analysis methods often employed in oncology studies are the fully compartmental kinetic models, which involve the least number of assumptions but also a large number of free microparameters, 4,5 the graphical analysis methods 14, 22, 64, 65 employing linearized functions of kinetic macro-parameters and the single-scan auto-radiographic techniques that are usually the simplest but often the least accurate. 66 The latter methods require a very small number of dynamic PET frames at later post-injection times without an input function, thus are considered easily adoptable in the clinic. Nevertheless, they rely on quite restrictive kinetic assumptions or/and a-priori knowledge of certain kinetic parameters or input function features. As a result, they may be valid only for very specific tracers, tissues and protocols, which considerably restricts their application scope in clinical oncology. 66 Therefore, in this review we will only refer in detail to the first two method classes.
The compartmental methods involve the least number of theoretical assumptions and stem from the hypothesis that all administered tracer molecules are expected to be at any given time at one of the model compartment states. 67 Each compartment is defined as the tracer activity concentration at one of the various possible combinations of states, primarily in terms of physical location (e.g. extracellular or intracellular tissue) and chemical condition (e.g. metabolized or not). The free parameters in this model class are defined as the positive kinetic rate constants regulating the tracer molecules state transition between any pair of linked compartments (Figure 4) .
In general, the number of compartments and kinetic rate constants are expected to increase with the level of detail employed to model the underlying biochemical mechanisms regulating the tracer's in vivo physiological uptake. In particular, the standard fully compartmental kinetic model currently employed for the 18 Fluorodeoxyglucose ( 18 F-FDG) tracer, which is the most commonly applicable PET radiotracer in clinical oncology, is a 2-tissue compartment 4-parameter model describing the transition of 18 F-FDG between blood and its exchangeable and metabolic tissue states (Figure 4 ). 4 The compartmental kinetic models are associated with large complexity and relatively high noise levels, due to the relatively high degree of their differential equations and the large set of free non-linear parameters involved. Therefore, a high number of dynamic frames per bed may be crucial to attain sufficient precision in the parameter estimates, especially for the first few minutes after injection, where input function and tissue uptake change rapidly with time. Moreover, On the other hand, the graphical analysis methods are designed for the direct estimation of a reduced set of macro-parameters, which nevertheless still contain the principal and clinically relevant components of the tracer kinetic properties. As an example, two widely applicable graphical analysis methods for the robust dynamic analysis of single-bed PET irreversible and reversible uptake data are the standard Patlak (sPatlak) 14 and the Logan plots, 64 respectively. The sPatlak method has been designed to primarily image the tracer net uptake or influx rate constant K i Figure 5 , while Logan plot targets the distribution volume DV parameter, with both macro-parameters considered of high clinical interest in oncology. In effect, the tracer kinetic macroparameters conveniently summarize most of the clinically useful kinetic information content of the compartment parameters, the latter also known as microparameters. The relative quantitative advantage of graphical analysis methods over compartmental models lies on their superior robustness to the high noise levels often expected in 4D PET data, especially when acquired across WB FOVs. Recently, a clinically adoptable dynamic WB 18 F-FDG PET scan protocol was introduced involving an initial short dynamic acquisition over the heart, beginning at 18 F-FDG injection time, followed by a series of fast WB passes (45sec/bed) to capture the 18 F-FDG kinetics within the first 30-40min post injection ( Figure 5 ). In order to image the Ki macro-parameter across the multiple beds of the acquisition, the sPatlak method was applied to the dynamic PET images and an input function, the latter derived from a region drawn at the heart left-ventricle across the dynamic PET images. 22, 68 In addition, a useful generalization of the sPatlak model had also been proposed, namely the generalized Patlak (gPatlak) plot, 14 which has recently been adopted for WB 18 F-FDG PET parametric imaging for enhanced quantification of Patlak K i images in the case of 18 F-FDG uptake reversibility. 22, 65 In particular, gPatlak begins with the assumption of a small positive k 4 microparameter for the 18 F-FDG 2-tissue compartment model to derive an extended non-linear Patlak plot that is capable of accounting for a potentially non-negligible but mildly positive reversibility in tracer uptake. 69 As a result, gPatlak method may enhance quantitative accuracy of K i parametric images in regions with non-negligible 18 F-FDG uptake reversibility, where sPatlak would have underestimated K i by neglecting k 4 . 65 Although gPatlak retains most of the robust features of the Patlak family offering high clinical adoptability, it is a non-linear method and thus may not be as robust to noise as the linear sPatlak method, unless applied in the context of direct 4D reconstruction as it has been recently demonstrated with clinical oncology PET data. 70 71 Finally, a combination of the standard-of-care WB PET SUV imaging with the advanced Patlak K i imaging has been recently proposed for oncology studies by introducing a novel and clinically feasible dynamic WB 18 F-FDG PET/CT protocol that utilizes the same exact scan time window previously employed for static SUV protocols. 72 In particular, the hybrid SUV/Patlak protocol is designed such that the total amount of WB dynamic (4D) PET data acquired over multiple WB fast scan passes is noise-equivalent to the data amount that would have been collected within the same scan time window if a single-pass WB 3D PET SUV-only protocol was applied. The dynamic WB PET data may, then, be summed over the multiple passes at each bed position to synthesize a static WB PET dataset, which can be later reconstructed to produce a noise-equivalent WB PET SUV image, as well as dynamically analysed to simultaneously estimate a WB K i image by fitting the multipass data to either the sPatlak or gPatlak model through indirect post-reconstruction analysis 72 or direct 4D reconstruction methods.. 73 Nevertheless, since the standard-of-care scan time window of conventional SUV-only 18 F-FDG PET studies begins only 1 h after injection, the 18 F-FDG PET data from the first 1 h after injection are not acquired with the SUV/Patlak protocol. Therefore, a 
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Zaidi and Karakatsanis population-based input function model may be used to extrapolate from the late time window measurements the missing early section of the input function and thus enable calculation of the input function temporal integral for the Patlak analysis. 63 The combined SUV/Patlak multipass imaging method could potentially replace in the future the conventional single-pass WB SUV-only clinical protocols without affecting the current throughput of a clinic. Such framework could thus enable the co-registered evaluation of WB SUV and K i images from a single standard-of-care WB scan session to potentially enhance the quantitative value of diagnostic and theranostic PET exams in modern clinical oncology.
iMAGe-derived Pet Metrics
A number of PET metrics have been devised and used in clinical and research settings. These range from simple semi-quantitative metrics, such as the SUV to high order metrics that require advanced image analysis techniques. 74 The last category of techniques, more suited for research applications where there is greater emphasis on quantitative accuracy, requires dynamic acquisition protocols and advanced mathematical models to support rigorous kinetic analysis for absolute quantification of the PET data. According to the classification adopted in the reference above, four different categories can be defined and are discussed below.
First-order metrics: SUV max and SUV peak The SUV metric has been adopted in clinical oncology as a semi-quantitative quantity indicating the amount of FDG uptake in a malignant lesion at a defined time post-injection, The uptake is normalized to the ratio of the injected activity dosage over the patient's weight, which represents the tracer whole-body distribution volume. 13 The SUV concept is very popular and used in a large number of centres owing to its simplicity and practicality since only a WB static image is required compared to cumbersome fully quantitative protocols using kinetic modelling, which require dynamic studies and continuous arterial blood sampling. SUV calculations are commonly implemented on commercial and non-commercial image display and analysis platforms. Caution is needed since substantial variability was reported among the different platforms and software packages available today. 75 Regardless of the platform and whether it is commercial or non-commercial, most software packages calculate SUVs normalized to patient's body weight. However, other variants where the SUV is normalized to other quantities have also been suggested to take into account the fact that adipose tissue is not as metabolically active as other tissues. This includes normalization to lean body mass (SUV LBM or SUL) 76 and body surface area (SUV BSA ), 77 which were both thought to be more relevant than the standard practice of using body weight for characterization of metabolically active abnormalities and less susceptible to variance attributable to body habitus. 19 SUL was reported to be less prone to variability and stable among patients in contrast to SUV normalized to body weight. 15 The most commonly used metrics in the clinic are the mean and maximum SUV (SUV mean and SUV max ). The former represents the average SUV in all pixels or voxels in a defined ROI or volume of interest (VOI), whereas the latter represents the highest SUV score in the same ROI or VOI ( Figure 6 ). For the specific task of PET-based monitoring of response to treatment, SUV max is known to be very sensitive to noise, since its definition relies on a single voxel within the whole volume. On the other hand, SUV max is less sensitive, compared to SUV mean , to the tumour contour delineation method employed to extract the set of image voxels based on which these metrics will be calculated. In addition, SUV peak has been promoted as a more robust metric of less susceptibility not only to tumour delineation but also to noise artefacts. It is calculated as the mean SUV in a spherical VOI of 1.2 cm diameter (volume of 1 ml) centred at the most active portion of the tumour (Figure 6 ). 15 There is an assortment of definitions of SUV peak depending on the delineated VOI, which can substantially impact the end result. 78 Because of the relatively smaller sensitivity of SUV max and SUV peak to the tumour delineation techniques, they are considered in this review as first-order static image metrics.
Second-order metrics: SUV mean , TLG and MTV Unlike SUV max and SUV peak , mean SUV (SUV mean ) can be very sensitive to the technique used in delineating the lesion contour and, as such, is more prone to PVE-induced errors. 42 This delineation, which segments the voxels of a PET image into two distinct classes, namely the tumour and normal tissue, may also determine the definition of the metabolic active volume (MTV). This process is commonly performed manually as the de facto standard used in clinical centres. The total lesion glycolysis (TLG) is then calculated by multiplying SUV mean by the MTV. 79 The conceptual basis of the TLG is to provide a quantity linked to the global metabolic response of the whole lesion, which complements the SUV metric and its variants. The TLG is reproducible and was reported to be highly correlated with other PET metrics used in the assessment of response to treatment. 19 The SUV mean , MTV and TLG metrics are considered second-order static PET image metrics as they are highly dependent on the technique and assumptions employed to delineate a tumour contour.
PET image segmentation plays a critical role for characterization of metabolic abnormalities, assessment of response to treatment and definition of treatment volumes in radiation therapy treatment planning. Manual delineation is challenging owing to difficulties in discriminating the edges of malignant lesions from noisy PET images in addition to being operator-dependent and sensitive to high inter-and intra-observer variability. Consequently, a considerably large number of strategies have been proposed for semi-automated or fully automated segmentation of metabolically active lesions and other organs/tissues from PET images. 80, 81 These techniques have been classified in a number of categories including thresholding, gradient-based, region growing and adaptive region growing, statistical, learning and texture-based segmentation, or algorithms combined with image processing and/or reconstruction or incorporated in multimodality image segmentation framework. 81 A selection of these algorithms, particularly those that require no or little interaction with the users, have been used with BJR Nuclear Medicine: Physics special feature Review Article: Quantitative PET in clinical oncology limited success for the assessment of MTVs and metabolic activity for one of the two applications mentioned earlier, that is, monitoring response to treatment or radiation treatment planning. A major challenge facing the development and comparative evaluation of PET image segmentation techniques is the absence of standardized metrics and a benchmark for the objective evaluation of their accuracy. This challenge has recently been addressed by the American Association of Physicists in Medicine Task Group 211 who devised various strategies to evaluate the accuracy of PET image segmentation techniques through simulation and experimental phantom studies and pathology-validated clinical datasets. 82 Continuation of this effort will hopefully facilitate the translation and application of advanced segmentation approaches in clinical settings.
High-order metrics: radiomics (texture analysis)
Despite the widespread adoption in the clinic and popularity of the above-discussed PET metrics, there is clearly a need in PET quantification, which led to the proposal of more advanced concepts based on powerful statistical approaches. Pioneering studies demonstrated solid evidence that meaningful information can be derived from PET images to guide the identification of explicit markers linked to tumour molecular and genetic profiles. 83 In this regard, radiomics 84 and texture analysis 85 emerged as novel and promising approaches having the potential to overcome the limitations of conventional approaches by providing reliable prognostic information with a high predictive power in a number of malignancies. Texture analysis 85 emerged as a new technique allowing the analysis of metabolic intratumoural tracer uptake heterogeneity in malignant lesions. [85] [86] [87] [88] A number of studies reported on the correlation between therapy outcome and metrics derived by advanced image processing techniques, all of them showing that texture features outperform commonly used SUV-based descriptors. [89] [90] [91] The approach holds the promise of extracting useful textural features from PET images to substantially facilitate prognosis in solid tumours.
As a consequence of the progress in quantitative imaging and the emergence of systems biology, a new research domain emerged referred to as radiomics. 84 Radiomics is defined as the science of correlating statistical data pulled out from multimodal medical images with tumour biology and the clinical picture of the patient to enhance the predictive power of multimodality molecular imaging. This description is linked to the ultimate radiomics hypothesis that "tissue characteristics at the molecular level are reflected in macroscopic features of medical images and, therefore, an advanced quantitative analysis can infer genomics and proteomics patterns, possibly containing prognostic information". 92 Despite the fact that this approach is still in an embryonic state, an ample number of pioneering studies have been published in the scientific literature supporting this hypothesis. Yet, further research and development efforts as well as large patient databases for different oncological indications are needed to fully characterize the robustness, reliability and limitations before the technique can be adopted in clinical setting. 84, 93 Parametric imaging Parametric imaging emerged as a promising approach in clinical oncology enabling the generation of quantitative maps representing physiological parameters derived through dynamic PET data acquisition and kinetic modelling. The approach had been initially studied only in the context of single-bed FOV imaging and demonstrated improved accuracy in discriminating benign from malignant disease, when combined with discriminant analysis. 94 However, single-bed dynamic scans require a priori knowledge of the region containing the metabolic abnormalities to ensure the selected bed position covers it adequately and, as such, has limited capability in evaluating distant disease, such as metastasis, spread throughout the body. These shortcomings have been addressed recently by a proposed class of 4D WB PET imaging methods, designed for efficient tracking of the spatiotemporal map of the PET signal across multiple beds. The acqu ired PET dataset can then facilitate the WB parametric imaging of the tracer uptake macro-parameters, such as that of net uptake rate K i and total blood volume distribution V, in order to ultimately translate the quantitative virtues of dynamic PET in WB FOVs and to clinical oncology. 22, 60 The support for parametric PET images, beyond the currently established semi-quantitative SUV metric, may be useful in clinical oncology: for multiparametric evaluations of metastatic tumours across multiple beds as well as for improved reproducibility and treatment response assessments over long periods. These protocols are designed to exploit the inherent 4D spatiotemporal nature of the complete list-mode PET data. 95 In Table 1 , we present an overview of the range of quantitative PET imaging methods discussed in this review that could benefit clinical oncology studies. More specifically, we summarize, for each referenced class of methods, its associated set of image metrics, scope of definition, advantages and limitations, accuracy and precision of the respective parametric images as well as current and potential future applications and implementation status in the domain of clinical oncology.
AdvANced strAteGies for iNdirect ANd direct PArAMetric whole-body iMAGiNG
Parametric PET imaging involves the spatiotemporal or dynamic (4D) acquisition of the administered PET tracer activity distribution to produce quantitative images of physiological parameters of high quantitative value and potentially significant clinical interest, beyond the well-established and widely adopted in the clinic SUV metric. 96 Naturally, dynamic PET imaging segments the total amount of acquired PET data into a set of time frames. Assuming a limited total PET scan time, as currently dictated by the clinical need for high patient throughput and relatively short scan periods, the expected statistical noise levels in each dynamic PET frame may considerably increase with the number of frames. Moreover, the noise is expected to further increase when the limited total scan time is segmented not only across multiple temporal frames but also over multiple bed positions. 68 22,60 In general, parametric PET imaging methods can be classified into two general categories, depending on the PET data representation level at which they are applied. The first class, often denoted as indirect parametric imaging methods, includes all methods applied on the independently reconstructed dynamic PET images of each bed position to indirectly derive the respective parametric images. 22 In contrast, the second class, known as direct 4D parametric imaging methods 70 , 73 involves statistical iterative image reconstruction algorithms that incorporate the graphical analysis or compartmental model assumptions into the reconstruction's response model and directly utilize the available 4D PET projection data from all dynamic frames of each bed position to estimate the tracer kinetic parameters .
Indirect parametric imaging methods are relatively simpler to implement and can be retrospectively applied to any available set of dynamic PET images since the respective scan time information per frame is usually embedded in the frame data. However, post-reconstruction parametric analysis can pose certain quantitative limitations. In particular, each of the dynamic PET images later analysed by indirect algorithms is exclusively reconstructed from the data of a single dynamic PET frame, which in modern dynamic PET protocols may involve very short time periods and thus elevated levels of statistical noise. As a result, even if the high data noise levels are limited to only one or few of the frames, they are naturally propagated into the respective images, through the low-count 3D frame-by-frame independent reconstructions, and further into the parametric images, through the indirect statistical regression estimation process. 71 In fact, a complementary frame reconstruction method has been recently proposed to avoid propagation of the very high noise levels of very short dynamic PET frames into the respective images. 97 Nevertheless, regardless of the reconstruction method, the underlying statistical noise in each of the dynamic PET images follows a complex mixture of Gaussian distributions, due to the intervoxel correlations introduced by the reconstruction process. Indirect parametric imaging methods are forced to model this highly correlated noise, as they are designed to operate on the dynamic image space. Consequently, indirect methods end up only approximating the noise distribution of their input images, thus increasing the likelihood for noise-induced quantitative errors in the final parametric images. 71 On the other hand, direct 4D parametric reconstruction algorithms embed the employed kinetic model response into a dynamic PET image reconstruction algorithm. Thus, the effect of the tracer pharmacokinetic properties on the dynamic course of the PET activity concentration can be accounted for at every voxel during the dynamic PET image reconstruction process. The kinetic model may be incorporated either as an additional modelling component of the system matrix, if the properties of the selected kinetic analysis method permit so, or more generally, as a nested iterative reconstruction routine within each iteration step of the frame-by-frame dynamic PET tomographic reconstruction method for accelerated convergence. 71, 98 Moreover, direct 4D parametric imaging utilizes all available PET data from all dynamic frames of a bed position to reconstruct the parametric images for that bed. As a result, the propagated noise from the data to the parametric images is now determined by the total amount of 4D data per bed, rather than per frame per bed, thereby resulting in considerably less amounts of noise in the final parametric images. 99 In fact, the degree of noise suppression in 4D parametric imaging is expected to be more profound, relative to indirect imaging, for acquisitions involving limited amounts of data per bed where higher levels of statistical noise are expected in general. Therefore, direct 4D parametric methods becomes more vital in WB dynamic PET imaging protocols, to avoid high noise levels and potential noise-induced quantitative errors in the respective WB parametric images. Furthermore, the 4D parametric reconstruction methods are directly applied on the PET projection data where the noise follows the well-defined Poisson distribution that can be accurately modelled to avoid noise-induced bias and retain the high quantitative value of the WB parametric images. 71 Recently, the quantitative benefits of direct 4D WB parametric imaging in clinical oncology have been demonstrated by a study showing improved tumour detectability and contrast after utilizing a robust family of nested direct 4D WB (s/g)Patlak reconstruction methods (Figure 7 ). 71 As mentioned earlier, motion during acquisition can be a major problem for resolution and quantification, especially in WB imaging where it is highly variable and non-rigid in nature, compared to the brain. In addition, WB parametric imaging may be particularly sensitive to motion, as 4D WB PET data are susceptible not only to intra-but also inter-frame non-rigid 50 The preliminary evaluation of this technique with realistic simulations demonstrated significant resolution and contrast recovery in tumour lesions in both the motion-compensated dynamic PET and the respective K i images with and without presence of noise ( Figure 8 ). However, it also revealed distinct Gibbs artefacts in the final images, even in the absence of noise, owing to the correlations induced due to the iterative deconvolution process (Figure 8 -top panel) .
Comparable observations were reported in the presence of moderately high levels of noise, particularly in areas with low tracer uptake (Figure 8 -middle WB PET SUV image from the same case as acquired from a past single-pass WB PET standard-of-care scan 1 month before the respective dynamic WB PET exam study. (Bottom rows): Quantitative ROI analysis of the TBR and CNR scores for different number of Maximum Likelihood Expectation Maximisation (MLEM) iterations over a liver and chest suspected tumour ROIs demonstrating the enhanced quantification, contrast and detectability attained with parametric K i imaging over SUV particularly for direct 4D K i imaging methods. In addition, gPatlak 4D K i imaging is associated with the highest contrast, although background K i signal is also enhanced in many regions, thereby confirming gPatlak superior quantitative performance compared to respective sPatlak 4D K i imaging. : CNRs for lung tumour as drawn on the PET SUV images (dotted curves) corresponding to the sixth dynamic frame and the respective sPatlak K i images (continuous curves). The tumour CNR performance scores in the motion-compensated images with the proposed nested RL-3D-MCIR method (red squares) are evaluated against the simulated motion-free ground truth images (blue circles) and the uncorrected for motion images (green triangles ) of the SUV (empty markers) and Ki (filled markers) metrics. 4D, four-dimensional; MCIR, motion compensated image reconstruction; RL, Richardson-Lucy; 3D, three-dimensional. compartmental modelling methods remain confined to single bed FOVs , which limits their adoptability in clinical oncology. More recently, a modified CBM WB dynamic protocol was proposed aiming at full compartmental modelling in a targeted single bed FOV covering a mediastinal blood pool region, such as the heart or the aorta, while sPatlak analysis is performed across all bed positions. 100 The preliminary clinical evaluation suggested that K i images can be indirectly produced by microparameters through compartmental modeling at a selected single bed position, in addition to WB K i parametric images directly estimated with Patlak graphical analysis methods, after using a clinically feasible dynamic PET imaging protocol. 100 In the future, the advent of total-body PET scanners may allow the deployment of fully compartmental WB parametric imaging techniques with standard dosages as well as robust Patlak WB imaging methods with ultra-low dosages. 101 coNcludiNG reMArKs ANd future ProsPects PET is currently established in clinical oncology as a molecular imaging modality capable of quantitatively characterizing, with relevantly high sensitivity and specificity, the physiological activity of a spectrum of major biochemical mechanisms underlying normal and tumour tissues. 21 A significant portion of the PET clinical value lies in its inherent quantitative nature, stemming from the ability to measure the spatiotemporal distribution of independent quantifiable counts originating from a wide range of radiolabelled biomarkers.
However, a number of factors, including physics processes, hardware specifications, modelling algorithms and scan protocol features, may affect the quantification of the static and parametric PET images. In addition, the interpretation of the PET images analysis can significantly vary depending on the specific image metric evaluated.
The ultimate mission of PET imaging in clinical oncology is the extraction of clinically relevant, accurate, precise and reproducible information for specific molecular mechanisms underlying tumour physiology to improve the diagnosis, staging and treatment response assessments of primary and metastatic oncological malignancies. PET modality offers the unique capability to image the physiological progress of many major biochemical processes underlying different types of malignancy. Nevertheless, its clinical power lies primarily in its inherent capability to obtain quantitative measurements that enable the numerical objective analysis of the PET images in order to extract reliable and reproducible information for the diagnosis, staging and therapy planning of oncological primary and metastatic lesions. Thus, preserving as well as further enhancing PET quantification value can be crucial for oncological imaging.
The current technological trends in PET imaging, including the advent of simultaneous PET/MR clinical systems, fast TOF timing resolution, task-dependent resolution modelling, direct 4D reconstruction, WB parametric imaging, continuous bed motion and total body PET systems, indicate a clear trend for significant enhancements in PET sensitivity and modelling capabilities for the near future. Ultra-fast WB dynamic PET acquisitions with efficient list-mode direct 4D reconstruction methods for the accurate event-driven compensation of a variety of PET quantification degradation factors may soon become available in clinic. Finally, the current state-of-the art PET systems technology already permits the exploitation of the intrinsic spatiotemporal list-mode nature of the PET data coupled with the CBM acquisition mode to provide multiparametric and quantitative WB PET imaging assessments beyond the SUV. A clinically adoptable hybrid SUV/K i PET imaging framework may ultimately pave the way for the translation of the PET quantitative virtues into the clinic and become the next standard-of-care paradigm in clinical oncology.
The advent in the clinic of TOF acquisition with constantly improving time resolution, the optimization of resolution modelling reconstruction methods and the introduction of direct 4D WB parametric PET image reconstruction algorithms can pave the way for the translation of the full quantitative PET virtues into clinical oncology. The design of clinically adoptable 4D WB PET imaging protocols supporting both the conventional SUV and the advanced macro-kinetic parameters of high clinical relevance, such as the K i influx rate constant, may significantly enhance the molecular information content delivered in routine clinic for more reliable diagnostic, prognostic and theranostic assessments in oncology.
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